Two reactions are in the same \correlated reaction set" (or \Co-Set") if their°uxes are linearly correlated. On the other hand, two reactions are \coupled" if nonzero°ux through one reaction implies nonzero°ux through the other reaction. Flux correlation analysis has been previously used in the analysis of enzyme dysregulation and enzymopathy, while°ux coupling analysis has been used to predict co-expression of genes and to model network evolution. The goal of this paper is to emphasize, through a few examples, that these two concepts are inherently di®erent. In other words, except for the case of full coupling, which implies perfect correlation between two°uxes (R 2 ¼ 1), there are no constraints on Pearson correlation coe±cients (CC) in case of any other type of (un)coupling relations. In other words, Pearson CC can take any value between 0 and 1 in other cases. Furthermore, by analyzing genome-scale metabolic networks, we con¯rm that there are some examples in real networks of bacteria, yeast and human, which approve that°ux coupling and°ux correlation cannot be used interchangeably.
Introduction
There are two main strategies for modeling metabolic network°uxes. The¯rst strategy is to use kinetic modeling. This strategy requires extensive knowledge on reaction kinetics and parameters. Unfortunately, it is not always possible to use this strategy for modeling metabolism, as complete knowledge about a metabolic system is rarely available. The second strategy is to use constraint-based modeling of metabolic°uxes. 1, 2 In the latter framework, the networks are supposed to function in steady state and the only constraints used are stoichiometric, thermodynamic (i.e. reversibility/irreversibility of reactions) and capacity constraints. In the present paper, we will discuss (and compare) the properties of two constraint-based concepts, namely°ux coupling and°ux correlation.
The term \coupled reaction set" was¯rst used in 2004 to describe a set of metabolic reactions (°uxes) which are coupled to each other based on°ux coupling analysis (FCA). 3 If a nonzero°ux through reaction i ðv i 6 ¼ 0Þ implies a nonzero°ux through reaction j ðv j 6 ¼ 0Þ, then i is said to be directionally coupled to j (or, i ! j). If i ! j and j ! i, then reactions i and j are partially coupled (or, i $ j). Reactions i and j are called fully coupled (i , j) if they are partially coupled, and additionally,°u xes through reactions i and j are proportional (v i =v j ¼ constant). Two unblocked°u xes are either (fully, partially or directionally) coupled, or uncoupled. 3 Coupling and uncoupling relationships have many biological implications. In case of full coupling, two reactions will always operate together with a¯xed°ux ratio. This may imply that their corresponding genes are located in the same operon and/or they are co-regulated/co-expressed. 3, 4 In case of directional coupling, the dependency between reactions is unidirectional. It suggests that the independent reaction (i.e. reaction j in an i ! j relation) should be more essential, expressed, regulated and conserved compared to the dependent reaction. 5 Horizontal gene transfer has also been shown to be a®ected by constraints applied by directional coupling relations between transferred genes and genes already present in host genome. 6 In addition, the set of equivalent knockouts for eliminating the activity of a particular reaction can be identi¯ed by¯nding the reactions to which the desired reaction is directionally coupled. 3 This can be useful in designing genetic engineering experiments. On the other hand, uncoupled reactions have often compensatory roles in the absence of each other. In other words, the activity of only one is su±cient to have the function. 7 Therefore, they can be regarded as alternative reactions, and from the essentiality point of view, they are synthetic lethal pairs. For instance, in some diseases like cancer, in which one of the two reactions is inactivated through mutation, the removal of the other reaction may result in cancerous cell death. In contrast, in normal cells (with no mutation), removal of the second reaction will not be harmful. 7 Shortly after the introduction of FCA, Price et al. used the term \correlated reaction set" (Co-Set), to describe a set of reactions with correlated°uxes. 8 The Pearson correlation coe±cient (CC) between every pair of reactions can be computed by Monte Carlo sampling of the°ux space. For a pair of perfectly correlated°uxes i and j ðjR i;j j ¼ 1Þ, the authors used the term \perfectly correlated" reactions. 8 Random sampling and°ux correlation are used in various studies in order to explore di®erent biological properties of metabolic networks. For example, it has been shown that uniformly sampled°ux vectors can give insights into regulatory properties of di®erent reactions in the network. 9, 10 Additionally, uniform random sampling can be used for comparing in silico°ux distributions with experimental data, when additional constraints is introduced to model, based on experimental results. 11, 12 Calculation of pairwise CC between pairs of°uxes is a useful method for measuring the dependencies between pairs of°uxes under di®erent conditions. 13, 14 Such dependencies can be used to explore the e®ect of enzyme dysregulation and also enzymopathies.
Immediately after the introduction of the two concepts of \°ux coupling" and \°ux correlation", Papin and his colleagues used the term Co-Sets to describe reactions with perfectly, partially and directionally related°uxes. 15 Moreover, they emphasized that Co-Sets can be computed by pathways analysis, FCA or by analysis of correlated°u xes. 15 After this paper, several other studies used similar terminology. 4, [16] [17] [18] [19] Here, we emphasize that using the term \Co-Set" can be confusing, as°ux coupling and°ux correlation are two di®erent concepts. To demonstrate this, we show that uncoupled, directionally coupled and partially coupled°uxes can be perfectly correlated/completely uncorrelated.
To be precise, reactions i and j are de¯ned to be in a perfect Co-Set if they have ā xed°ux ratio. 15 As a result, the de¯nition of perfect Co-Sets is more restrictive than the de¯nition of perfectly correlated reaction sets, 8 since jR i;j j ¼ 1 does not necessarily guarantee a¯xed°ux ratio, e.g. when v i ¼ v j ¼ 0 is not included in the feasible°u x space. 19 
Materials and Methods

Computing Pearson CC between pairs of°uxes
In the present study, for¯nding the Pearson CC, between a pair of°uxes in each example network, COBRA toolbox 20 was used to sample 100,000 uniform random vectors over the°ux space. COBRA toolbox uses parallelized arti¯cial center hit and run algorithm (ACHR) to sample the°ux space. 21 Brie°y, an initial point is selected in the feasible space of°ux distributions. Then, the algorithm generates \warm-up" points. These points are stored in a matrix, and a centroid, s, is calculated for it. In the next step, a random vector, x n , is chosen in the matrix and a new point is generated by moving toward the direction of (s À x n ). This point is substituted randomly in the matrix. The procedure of determining the centroid and generating the new point is iterated until the desired number of points is achieved.
The CC is assumed to be equal to zero if R 2 < 10 À5 . In the analysis of the small example networks (see Figs. 1-3 ) the lower bound (respectively upper bound) of°u xes is 0 (respectively 2), except those reactions with¯xed°uxes (shown by asterisk). Note that the results do not depend on the upper bounds of°uxes, in the sense that changing the upper bounds will only change the°ux ranges (on the axes of the plots) or the position of the lines in Figs. 1 
Computing maximal information coe±cients between pairs of°uxes
In general, it is possible to have two variables which depend on each other, but their \linear" correlation is zero. One possibility to¯nd the interdependence of such variables is to consider the mutual information of them. Mutual information between two variables A and B, denoted by IðA, BÞ, determines the dependence between two variables by measuring the information that they share. Mutual information is dened by the following equation:
where pða i ,b j Þ is the joint probability that A is in the state of a i and B is in the state of b j . Intuitively, IðA; BÞ measures the reduction in uncertainty about one variable after observing the other. For detailed description of mutual information please see Ref. 22 .
In the present work, we used Minerva package 23 in R environment 24 to compute maximal information coe±cients (MIC, a means to apply mutual information) to examine reaction pairs which are found to be linearly uncorrelated based on computing Pearson CC. MIC is a metric for measuring the association between two variables which is based on mutual information. It can capture a wide range of associations. Informally speaking, it is supposed that if two variables are related there is a grid that can partition the scatter plot of these two variables, such that the relationship can be captured. Therefore, all possible grids are examined until a maximum for grid resolution is achieved. The largest mutual information value which can be obtained based on these grids is calculated and normalized. This statistic which is referred as MIC is a value between zero and one. 25 
Computing°ux coupling relations
We calculated the°ux coupling relations by means of CFCA tool. 26 This tool is basically an extension of the previously reported tools for computing°ux coupling relations. 27, 28 The main di®erence is to add the possibility to consider lower and upper bounds for each reaction in the network, while the previous tools assume no constraints on the lower and upper bounds. We used SoPlex solver in the OPTI Toolbox 29 (as an \exact solver") to solve the linear programs required in FCA.
Analysis of genome-scale metabolic networks
In the present study, to compare°ux coupling relation and°ux CC between realworld reactions, we studied seven di®erent genome-scale metabolic networks of¯ve biologically important microorganisms (see Table 1 for a summary of general biological properties of these networks).
Pseudomonas aeruginosa and Mycobacterium tuberculosis are major life-threatening pathogens, and therefore, their reconstructed metabolic networks can be used in identi¯cation of novel drug targets. 30, 31 Escherichia coli and Pseudomonas putida are two of the most important bacteria in industry. In silico modeling of the metabolism of these microorganisms can be employed in metabolic engineering applications for production of desired metabolites and in bioremediation processes. 32, 33 Saccharomyces cerevisiae, the baker's yeast, is extensively used for production of food, pharmaceuticals and biofuels. Di®erent versions of yeast metabolic network have been used in metabolic engineering and in evolutionary studies. 34 For each metabolic network we considered¯ve di®erent conditions: (i)¯xing the°u x of glucose uptake; (ii)¯xing the°ux of oxygen uptake; (iii)¯xing the°uxes of glucose and oxygen uptake; (iv)¯xing the°ux of fructose uptake; and¯nally (v) xing the°uxes of fructose and oxygen uptake. It should be noted that the M. tuberculosis model does not include fructose, and therefore, for this network cases (iv) and (v) are not applicable. In each case, we computed the number of instances where:
. Reactions are directionally coupled but perfectly correlated, . Reactions are directionally coupled but completely uncorrelated, . Reactions are partially coupled but perfectly correlated, . Reactions are partially coupled but completely uncorrelated, . Reactions are uncoupled but perfectly correlated.
Results and Discussion
Correlation between uncoupled°uxes
Figure 1(a) presents an example of uncoupled°uxes, where CC is zero ( Fig. 1(b) ). It might not be surprising to have uncorrelated uncoupled°uxes. Figure 1(c) is probably more interesting. In this example,°ux through reaction 1 is always equal to 1. As a result,°uxes 2 and 3 are uncoupled, because v 2 ¼ 1 (i.e. a nonzero°ux through reaction 2) implies v 3 ¼ 0, and additionally, v 3 ¼ 1 implies v 2 ¼ 0. However, these°u xes are perfectly correlated ( Fig. 1(d) ).
Correlation between directionally coupled°uxes
In Fig. 2 (a),°ux 3 is directionally coupled to°ux 2. To the best of our knowledge, it was previously believed that°ux coupling guarantees°ux correlation (R 2 6 ¼ 0). Figure 2 (b) proves that this is not correct, where 2 and 3 are completely uncorrelated. Another example of directional coupling is shown in Fig. 2(c) . Here, v 3 ¼ 1, which results in a perfect correlation between°uxes 1 and 2 ( Fig. 2(d) ). Note that the diamond-like pattern in Fig. 2(b) is obtained because reaction 3 cannot carry any°ux independent of the°ux of reaction 2. If v 3 is active in the forward direction, i.e. it converts B to C, then we have these two constraints:
Since v 4 2, from the¯rst equation it is inferred that sum of v 2 and v 3 is equal or less than 2. Hence, the points in Fig. 2(b) should be under the line v 2 þ v 3 ¼ 2. From the second equation it is inferred that v 2 should always be more than v 3 . Consequently, sampled points must be located under the line v 2 ¼ v 3 . Therefore, the points are restricted in a triangle made by these three lines:
When v 3 is active in the reverse direction, the same reasoning can explain the existence of the lower part triangle in Fig. 2(b) .
Correlation between partially coupled°uxes
We show that even partially coupled°uxes i and j (with v i 6 ¼ 0 if and only if v j 6 ¼ 0) do not necessarily belong to a Co-Set. It can be easily shown that°uxes 1 and 4 in Fig. 3(a) are partially coupled. However, the stoichiometric coe±cients of reactions 2 and 3 are chosen such that the CC between°uxes 1 and 4 becomes zero (Fig. 3(b) ).
Similar to the uncoupling and directional coupling cases, it is possible to¯nd examples of partially coupled°uxes which are perfectly correlated. In Fig. 3(c) , 
Flux coupling versus°ux correlation in real biological networks
In the previous sections, we observed, through a few examples, that°ux coupling and°u x correlation are inherently di®erent concepts. In other words, except for the case of full coupling, which implies perfect correlation between two°uxes (R 2 ¼ 1), there are no constraints on Pearson CC in case of any other type of coupling/uncoupling relations. In other words, Pearson CC can take any value between 0 and 1 in other cases. Here, we show that such examples (which will be referred to as \exceptional cases") can also be found in genome-scale metabolic networks. We calculated the°ux coupling relations by means of CFCA tool. 26 For calculation of CC between pairs of reactions we sampled 100,000 points for each model. The results are shown in Fig. 4 . For all of the metabolic networks, we found some exceptional cases at least under one of the growth conditions. Some of these cases are rather infrequent, e.g. directionally coupled reactions with perfect correlation, uncoupled reactions with perfect correlation, or partially coupled reactions with zero correlation. However, in all networks, we observed a large number of directionally coupled reaction pairs which are not correlated. Figure 5 (a) shows an example of directional coupling and perfect correlation in iND750. Here, D-sorbitol dehydrogenase reaction is directionally coupled to hexokinase reaction. As the°ux through fructose exchange is¯xed, the°uxes of the two mentioned reactions become perfectly correlated. We should note that we also observed some cases in which none of the°uxes arē xed, but the possible values for one of the°uxes are too small compared to the other°u xes. For instance, in Fig. 5 (b) a small subnetwork of iJN746 is shown. Here, due to the stoichiometric constraints imposed by the network, dihydrouracil dehydrogenase reaction can only carry°uxes in range of 0 À 10 À4 , while the range for other two reactions is 0À1000. In this case, CC between°ux of pyrimidine-nucleoside phosphorylase and°ux of uracil phosphoribosyl transferase is 1. For the case of uncoupled reactions with perfect correlation, we can mention a case from iJN746 (Fig. 5(c) ). Here,°ux through the glucose exchange reaction is xed. In this case, glucose dehydrogenase and hexokinase reactions are uncoupled but perfectly correlated.
Fixing a°ux to a particular value may dictate the existence of nonzero°uxes through other reactions. As an example, in iND750, when we¯x the°ux through oxygen, the glucose exchange°ux becomes nonzero. These two reactions are partially coupled by de¯nition (as both reactions always have a nonzero°ux, while their°ux ratio is not a constant value). However, the Pearson CC between these°uxes is zero. As a di®erent case, we should mention ATP hydrolysis in iMO1086. When oxygen uptake°ux is¯xed to a nonzero value, H 2 O exchange°ux and ATP hydrolysis°ux
are always nonzero. However, the°ux ratio for these two reactions is not¯xed, and therefore, H 2 O exchange and ATP hydrolysis are partially coupled. In this case, the computed Pearson CC between°uxes is almost zero (or more precisely, 2 Â 10 À6 ).
Finally, we observed some directionally coupled reaction pairs in which none of the°uxes are¯xed but the CC is almost zero. An example of such cases is indicated in Fig. 5(d) . In this¯gure, Amidase, diphosphorylase and pyrophosphorylase are directionally coupled to adenylyl transferase. Possible°ux ranges for these four reactions are 0À23:1, 0À0:0025, 0À13:2 and 0À23:1, respectively. However, the Pearson CC between diphosphorylase and adenylyl transferase°uxes is 2:5 Â 10 À6 .
On the meaning of \(un)coupled " and \(un)correlated " reactions
In the present paper, we show that CCs equal to zero/one may exist in case of (partial or directional) coupling and uncoupling. This means that only full coupling of°uxes implies perfect correlation, and none of the other coupling relations imply°u x correlation, or vice versa. Therefore, we suggest that the terms \perfect", \partial" and \directional" Co-Sets are misleading and should be avoided.
From the biological point of view, directional°ux coupling means that one metabolic enzyme must be expressed if another metabolic enzyme is to be expressed in the cell. Partial and full°ux coupling can be seen as the mutual dependence of such metabolic enzymes. On the other hand,°ux correlation does not necessarily imply any biological constraint on the expression of the metabolic enzymes. From the biological point of view,°ux correlation simply re°ects the existence of some interrelationship between the enzyme activities. Such an interrelationship is presumably due to co-occurrence of these enzymes on some common biochemical pathway.
Here, we discuss an example which re°ect the biological importance of the difference between°ux coupling and°ux correlation. In a previous study, sampling of the°ux space was used to examine the properties of the human mitochondrial metabolic network in di®erent conditions. 13 One of these conditions was high fat-low glucose diet in which the uptake rate of fatty acids was shown to be increased. It has been shown that the Pearson CC of many pairs of Co-Sets (sets of perfectly correlated°uxes) are highly di®erent between this condition and normal physiological condition. Here, we calculated the°ux coupling relationships between these reaction pairs in both conditions. Figure 6 shows one of these cases. Here,°ux coupling relationships of the reaction pairs were identical between the two conditions. In this gure, Co-Set 1 consists of reactions for import of (R)-3-hydroxybutanoate to the mitochondria and its conversion to acetoacetate. Co-Set 2 consists of reactions for import of hexadecanoate (n-C16:0) to the cell, its conversion to palmitoyl carnitine and entrance of this metabolite to the mitochondria. Based on FCA, in both conditions these sets are found to be uncoupled. This means that expression of the enzymes of these sets are not dependent to each other, i.e. each of which can be expressed in the absence of the other. However, the Pearson CC of these sets are highly di®erent from one condition to the other. 13 As it is mentioned, the uptake rate of hexadecanoate and other fatty acids are increased in the high fat-low glucose diet condition. Additionally, the presence of NAD and NADH is essential for the reactions of both sets to carry a nonzero°ux. The increased rate of fatty acids uptake in high fat-low glucose diet, results in di®erences in the available amount of these cofactors between the two sets in each condition. Consequently, since correlation of°u xes depends on the enzyme activities which in turn depends on the available metabolites, the°ux correlation between these sets is di®erent in the two studied conditions.
Mutual information versus Pearson CC
In Figs. 1(b) , 2(b) and 3(b), R 2 ¼ 0 is based on the Pearson CC between°uxes. However, the (nonlinear) dependence between°ux values can be easily observed in these examples. For instance, as it is explained in Sec. 3.2, although the reactions in Fig. 6 . An example of di®erence between°ux coupling and°ux correlation in mitochondrial metabolic network. Co-Set 1 and Co-Set 2 are uncoupled both in normal physiological condition and in high fat-low glucose diet. However, these Co-Sets show very di®erent CC between the two conditions, because of the change in the uptake rate of hexadecanoate (and other fatty acids). In this¯gure, (e), (c) and (m) represent di®erent cellular compartments that are \extracellular", \cytosol" and \mitochondrion", respectively. Fig. 2(b) are not linearly dependent, the diamond-like pattern shows that they are not completely independent. In fact, this pattern is generated because v 2 and v 3 are related by some linear constraints. While Pearson correlation is probably the most popular measure of dependence, our examples suggest that other measures of dependence, e.g. mutual information 22 are probably more relevant for studying the dependencies between°uxes. To show this, using Minerva package 23 in R, we calculated MIC 25 (a means to apply mutual information) for the reaction pairs in Figs. 1(b), 2(b) and 3(b) . The MIC values are found to be 0.07, 0.13 and 0.24, respectively. Therefore, the observable nonlinear dependence of°uxes can be re°ected if other measures of dependence, like MIC, are used in studying the°ux correlations. We should note that mutual information has been previously used when Pearson CC could not re°ect the dependence between variables (see Ref. 38 as an example).
Conclusions
In the present work, we showed that FCA and°ux correlation analysis represent two inherently di®erent concepts, since the existence of one does not dictate the existence of the other. Even in the simple case of full coupling and perfect correlation, we showed that these two concepts are not equivalent, i.e. perfect correlation does not imply full coupling. Additionally, we suggest avoiding the terms perfect, partial and directional \Co-Set". This is because partial or directional coupling may not necessarily imply correlation, as we showed in our examples.
In the present paper, we presented a couple of hypothetical examples, each of which re°ects one of the exceptional cases mentioned in the text. Furthermore, we explored real-world biological networks to¯nd such examples, in order to stress on the importance of our analysis. We presented explicit examples in real-world genomescale networks which approve that°ux coupling and°ux correlation cannot be used interchangeably.
One should note that some parts of our results depend on the¯xing of°ux values of some reactions. For instance, in case of Fig. 2(c) , if v 3 is not¯xed then the perfect correlation between v 1 and v 2 is not obtained (v 1 versus v 2 plot will be a triangle-like shape, instead of a straight line). However, in a real biological network,°uxes of many reactions may not be¯xed. Therefore, in Sec. 3.4, where we analyzed real networks, we only¯xed the°uxes of one or two exchange reactions in each simulation. We showed that even in these conditions we can¯nd several cases which indicate the di®erence of°ux coupling and°ux correlation. In addition, we showed that even when none of the°uxes are¯xed, interesting examples can be still found, e.g. when one of the°uxes shows a very tight range of variability (e.g. between 0 and 0.0001).
Finally, we showed that mutual information is a better measure of dependence to be applied in studying°ux dependencies. Pearson CC, which has been widely used in the analysis of metabolic networks, is a proper measure of linear dependence.
However, for capturing the nonlinear dependence between°uxes, which is observed in many cases such as Figs. 2(b) and 3(b) , other measures of dependence may be more relevant. In the present work, we showed that calculating mutual information using MIC can successfully detect the dependence between those°uxes with nonlinear dependence whose Pearson CC is zero.
